DISAGGREGATING THE ELECTRICITY SECTOR OF CHINA'S INPUT-OUTPUT TABLE FOR IMPROVED ENVIRONMENTAL LIFE-CYCLE ASSESSMENT
S
Background
During the construction of national Input-Output (I-O) tables, sectors with a similar production structure are often aggregated into one sector. This is because sector entries in I-O tables rely on comprehensive surveying of sales and purchase patterns of industries which is a time consuming and a difficult process since most of the required information is often considered confidential. The loss of detailed information about the aggregated subsectors leads to the so called aggregation bias problem (Morimoto, 1970; Fisher, 1986; Kymn, 1990) . The aggregation bias is often disregarded by I-O practitioners since its consequences are a lesser problem than the additional time and resources that need to be spent on detailed industry surveys to produce a highly disaggregated table.
However, for environmental-economic analysis, sector aggregation can have a significant influence on the results (Su et al., 2010; Majeau-Bettez et al., 2011) . Often data on environmental factors (e.g. CO 2 emissions or water use) are either available for a larger number of sectors, or are in a different sector classification altogether. Lenzen (2011) concludes in his paper that even when based on partial information, the disaggregation of economic I-O data to match the size of environmental satellite accounts leads to a smaller relative error than aggregating the environmental satellite accounts to the size of the I-O table. He thus recommends disaggregating I-O tables whenever possible to do so. In a previous paper, we picked up on this conclusion and extended Wolsky's approach (Wolsky, 1984) by showing how a sector can be disaggregated into an arbitrary number of new sectors when the total outputs of the new sectors is the only available information . In Wolsky's approach (Wolsky, 1984) , output weights are formed using the output ratio of the new sectors in relation to the aggregated sector they originate from. The methodology was illustrated by disaggregating the electricity sector of China into three electricity generation sectors, and we showed how the output weights are used to form an initial guess for the disaggregation. This initial guess assumes that the input from new sectors to all the other sectors is split in proportion to the relative weight of their national total output. Since this initial guess is only one of the many possible solutions for the disaggregated I-O table, we showed how to explore the full range of possible solutions. We then compared the CO 2 emissions intensities of each sector obtained with the initial guess against the full range of possible emissions intensities. It was shown that for a given sector, the maximal possible emission intensity can be much larger than the one obtained with the initial guess (up to two times). Therefore, we concluded that as much information should be used in the disaggregation so that the range of possible results on the emission intensities can be narrowed down to the disaggregation solution that corresponds to the real economy.
The aim of this paper is to disaggregate the electricity sector of the Chinese 2007 I-O table into nine new sectors: a transmission and distribution (T&D) sector and eight different power generation sectors. The other sectors of the economy, i.e. the 'common' sectors, are not disaggregated further. Regional data on electricity generation mixes and spatial distribution of industry is used to obtain a regionally weighted estimate of the supply of each electricity generation sector into the common sectors while information on operation and maintenance (O&M) costs of power plants is used to estimate the supply of the common sectors into the new sectors. The use of this additional information leads to a refined estimate of the disaggregated I-O table and is what distinguishes this paper from our previous study where the national output of the different electricity generation sectors was considered to be the only available information. In the results section, we compare the emission intensities obtained from this refined estimate with the emission intensities obtained with the cruder initial guess based on the national total outputs.
Motivation
In the context of mitigating climate change, the greenhouse gases (GHG) emissions from China's electricity sector play a key role. The electric power industry was responsible for 3.5 Mt CO 2 of emissions in 2010, more than twice the total emissions of Japan (IEA, 2011) . A large body of studies use environmentally extended multi-regional I-O analysis to calculate emissions embodied in trade (EET) from China to other countries (Wiedmann et al., 2007 provide an overview responsibilities to countries based on the producer-or consumer of goods and services, two principles currently discussed in post-Kyoto climate policy-making (Peters and Hertwich, 2008) . Several authors of MRIO studies note that missing technology detail of the aggregated electricity sector leads to uncertainty in results on EET, and recommend disaggregating that sector (Wiedmann et al., 2011a) . Using an aggregated entry for the electricity sector assumes that each electricity generation technology is an average of that sector, which is not correct. For example, the embedded emissions of CO 2 in a unit of electricity produced with hydro-power are significantly less than a unit of electricity produced with coal. Also, Hondo (2005) , Dones et al. (2004) and Weisser (2007) note that the upstream 1 emissions of power plants are very different. Coal and gas power plants have up to 25% of total emissions embodied in upstream emissions because they require extraction and transport of resources before combustion, whereas upstream emissions of nuclear power and renewable energy technologies are lower than 10%. These differences need to be included in a global MRIO framework, as opposed to just using an average, because they impact the results on consumption-based CO 2 emissions inventories of a country. Since 20% of Chinese domestic CO 2 emissions are due to exports, it is important to use Chinese I-O tables with a high disaggregated electricity sector.
A comprehensive literature review on disaggregation in general, and on disaggregation of the electricity sector in particular, revealed that the data required for alternative methods to Wolsky's weight factor disaggregation is either difficult to access in China, or requires time-consuming preparation. For example, Heijungs and Suh (2002) present a methodology in which process-based life cycle assessment (LCA) data is tiered with I-O tables to express some sectors in more detail. This hybrid LCA approach overcomes truncation errors of process LCA and enhances sector detail of the environmental-economic input-output framework (Ferrao and Nhambiu, 2009) , and is widely used. Wiedmann et al. (2011b) follow this approach and use the Ecoinvent database to disaggregate the wind power subsector from the electricity sector in the UK. For China, a process-based LCA database on electricity generation power plants is, to our knowledge, not available so the I-O practitioner cannot conduct a typical hybrid-LCA study and must look for alternative approaches instead. Gillen and Guccione (1990) showed how the disaggregated I-O table can be estimated with information on commodity prices. Turner et al. (2007) use confidential electricity sales and price data to disaggregate the Scottish power sector. Unfortunately, confidentiality prohibits access to exact price data for individual sales between regional power companies and industries in China, so this disaggregation method cannot be used. A third approach to disaggregation, the hybrid-unit approach as proposed originally by Bullard et al. (1978) , requires data use on primary energy consumption by industries. Emissions intensities are calculated using the IPPC reference approach. This disaggregation method has been recently applied to the Taiwanese electricity sector and is also followed in Cruz (2002 Cruz ( , 2004 as well as Limmeechokchai and Suksuntornsiri (2007) . For China a hybrid unit-approach has been undertaken by Lindner et al. (2011) to analyse differences in emissions intensities of sectors. It offers a valid alternative to the disaggregation presented in this study. The drawback here is that constructing the bottom-up energy and emissions inventory by fuel type is very time consuming. For I-O-practitioners who disaggregate merely as an intermediate step to modify the I-O table for further use in a larger project, hybrid unit-I-O tables may not be the right approach, especially if I-O tables of all other countries are only in monetary units. A further disadvantage is that the official national data on energy consumption may be prone to under-estimation as the sum of each provincial data exceeds national data by a large fraction. Thus, even results on CO 2 emissions using the hybrid-unit approach may contain large uncertainty . In the light of this discussion, a disaggregation based on weight factors as presented in this study appears to be a good alternative.
Paper structure
The paper is structured as follows. First, the structure of the disaggregation of the electricity sector is described, followed by the methodology showing how to carry each step of that disaggregation. We also describe Wolsky's (1984) disaggregation based on the national output weight factors (i.e. disaggregation without regional weighting), and then explain our technique for deriving the regionally weighted disaggregated I-O This level of disaggregation captures the major electricity production options with different CO 2 emissions per unit output. We include the range of coal fired power stations with different boiler efficiency currently used in China because their emissions output and requirement for upstream processes varies as well. The new generation of coal-fired power stations with highly efficient boilers, such as USC boilers, are increasingly installed in the Eastern coastal provinces (Ma, 2008) . We use the boiler efficiency for coal-fired power plants in China outlined in Ma (2008) : sub-critical power stations have 35% efficiency, super-critical boilers 42%, and ultra-supercritical 47%. Although natural gas and solar power currently only represent a fraction of the total electricity produced in China, we also Downloaded by [University of Cambridge] at 11:36 12 August 2014 include these two plant types because all necessary data for disaggregation was available and because they will likely play a more dominant role in China's future generation mix (Wang and Chen, 2010) . We refer to as 'common sectors' the 41 sectors in the I-O table that remain aggregated. 'New sectors' or 'disaggregated sectors' are the sectors that result from the disaggregation of the electricity sector.
Assumptions
We assume that in each region, sectors consume electricity in proportion to the power generation mix of the grid system the region belongs to. This assumption allows building sector-specific electricity consumption mixes where each sector in the I-O table consumes electricity from a specific power mix with a generic emission intensity. In China, it is important to consider these regional differences because the power mix of the six grid systems is not equal. Instead it differs from the national average. Table 2 shows power generated by different technologies in each of the six independent electricity grids of China as a percentile fraction, and compares it with the national average. The information is taken from the Chinese Electricity Yearbook (NBS, 2008). We do not consider electricity trade among grid systems, except for the case of Inner Mongolia. Here, we assume that Inner Mongolia is part of the North China grid which also contains Beijing and Tianjin, because the majority of their electricity is exported into this grid system. The allocation of provinces according to their grid system is given in Table A1 .
For the analysis, we also account for the fact that the economic production structure in China is not homogenous in all six grid systems. Indeed, the production of many sectors is not distributed uniformly across China; it is concentrated in a few specific regions. Several authors point out that regional specialization in production activities has resulted in industry clusters (Batisse and Poncet, 2004; Li and Xu, 2010) . A combination of decentralization, inter-provincial competition, international trade and foreign direct investment has encouraged industry agglomeration and specialization of production activities among Chinese provinces (Gao, 2004) . For instance, the coastal regions have a well-developed manufacturing and service-oriented industry, whereas inland provinces are specialized in either agriculture or primary resource extraction (northwest), and provinces in the north are dominated by heavy industries (Meng et al., 2011; Zhang et al., 2011 Although these assumptions are sensible, they could be relaxed in future studies. For instance, Marriot (2007) developed a logistic model which accounts for proximity of industries to individual power plants in each state of the USA. He also distinguishes between electricity production mixes of states and consumption mixes, of which the latter includes net interstate trade of electricity. For China, data showing the electricity production mix in each province is available. Therefore, instead of using the grid systems, we could have chosen provinces as the boundary for determining sector-specific electricity consumption mixes. Yet, when evaluating the interprovincial trade data in the Chinese Electricity Yearbook, we noticed that a considerable amount of electricity is traded among provinces within each grid system. Therefore, we concluded that the generation mix in each province likely to approach the grid mix it belongs to. In comparison, the amount of trade between different grid systems is less important (with the exception of Inner Mongolia), and using the grid systems is thus a better option.
Data Requirement
To build the disaggregated I-O model for China, we use the following data: • Power generation plant mix for all six power networks in China. These data are obtained from the Chinese Electricity Yearbook (NBS, 2008) and is in GigaWatt. The data are used in combination with provincial I-O tables to estimate sector-specific consumption profiles.
• Operation and management cost data (RMB/kWh) of power generation plants in China.
These data are taken from the book 'Projected Costs of Generating Electricity' issued by the International Energy Agency (IEA, 2010 • Estimates of electricity costs. The numbers are taken from the Electricity Yearbook of China. A homogeneous price across all regions and sectors is assumed • Emissions factors. Numbers are obtained from the literature as shown in Table 4 (Nsakala and Marion, 2001) .
METHODOLOGY
In this section, we describe how to derive the technical coefficient of the disaggregated I-O table based on the assumptions made in the previous section. First, we outline the I-O Leontief framework (Section 3.1) and describe the disaggregation based on Wolsky's method (Section 3.2). We then describe the regionally weighted disaggregation (Sections 3.3-3.6).
The Leontief Framework
Consider an economy with N + 1 sectors where each sector i produces a unique good. The total output of good i from the ith sector is noted x i and the amount of good i that sector j consumes from sector i is noted z ij . 
(1)
In the I-O Leontief framework, it is assumed that the industry flow from sector i to sector j depends linearly on the total output of sector j. If sector j needs a ij units of good i to produce 1 unit of good j, Equation 1 can be rewritten as
Writing Equation 2 in matrix form and inverting the system leads to
where A is the technical coefficient matrix, I is the identity matrix of size (N + 1) × (N + 1) and L the Leontief inverse matrix. The ijth coefficient in the inverse Leontief matrix L represents the total requirement of goods from sector i to meet the final demand of sector j. This framework can be extended to include environmental satellite accounts. Let e bearow vector of size N + n with the first N components equal to zero and the last n components of specific CO 2 emissions per kwh of electricity output by the power plant type (gCO 2 /kwh). In order to determine the emissions (gCO 2 ) per unit of RMB final demand ε, we multiply e with the total requirements matrix:
Disaggregation Based on Wolsky's Method
Let the technical coefficient matrix A * describe the same economy as A with the only difference that the last sector of the economy (sector N + 1) has been disaggregated into n distinct new sectors. Matrix A * is thus of size (N + n) × (N + n). In the 42 × 42 Chinese I-O table, the electricity sector corresponds to sector 23 of the table. The table is thus reordered so that the electricity corresponds to the last sector. The total output of sector i in the disaggregated economy is noted x * i and the final demand f * i . The weight factors formed in Wolsky's approach describe the conservation of the amount of goods consumed by the common sectors from the new sectors, by the new sectors from the common sectors and by the new sectors from themselves. A set of constraints relate the unknown technical coefficients of the disaggregated matrix to the coefficients of the aggregated matrix. In total, there are 2Nn + n 2 unknown technical coefficients and n unknown final demand ratios describing the disaggregated economy (see Lindner et al., 2012 ). An initial estimate is constructed for the unknown technical coefficients of matrix A * and the final demand ratios of the new sectors. This estimate assumes that the new sectors have identical technologies and that they supply the other sectors proportionally to their national output weights w k , where w k = x * N+k /x N+1 is the output weight associated with the kth new sector. The final demand and the supply from the other sectors are also in proportion to these weights. Under these assumptions, formulas for the unknown technical coefficients of the disaggregated Lindner et al. (2012) and are not reproduced here. Figure 1 shows an arbitrary example of a disaggregation, where the last sector, C is disaggregated into c * 1 and c * 2. The blue arrow marks all possible output weights of new sectors into common sectors (2n 2 possibilities, where n = number of new sectors). Input weight factors need to be built to show the input from common sector A into c * 1 and c * 2, as well as B into c * 1 and c * 2. This is indicated by the red arrow. Both sets of weight factors also determine the allocation of intra-industry sales between sector C, marked by the dark shaded quadrant in the lower right hand side of the table.
Disaggregating the Electricity Sector into Production and Supply
The first level of disaggregation in our work consists in splitting the aggregated sector into the production part and the T&D part. This step can be understood as an adjustment to the inter-industry (Z) matrix before a more detailed disaggregation of the electricity production sector is made. We found no data detailing the input proportion of common sectors to T&D and production of electricity, or the proportion of monetary supply from T&D and production sector to other sectors in the economy. Hence, an assumption needs to be made. The Chinese electricity yearbook (NBS, 2008) lists the investment made into both sectors separately for the year 2007. These data are shown in Table 5 .
We see that about 45% of investment spending went to the supply and distribution of electricity. Since this is the only reliable number distinguishing the two sub-sectors, we have to assume that industry input from all economic sectors into the two electricity subsectors is made according to the proportion of investment costs. Moreover, the output from both sectors into all other sectors is also split into this proportion, and the same is done with the final demand. The result is a 43 × 43 sector I-O table where the electricity generation row and column entry contains 55% of monetary value of the previously aggregated sector. Downloaded by [University of Cambridge] at 11:36 12 August 2014
Disaggregating the Electricity Generation Sector
We derive two sets of weight factors. One set splits all inputs into the new electricity production sectors from the common sectors. These factors are called the input weight factors. The other splits the output of the new electricity production sectors into all the other sectors, according to the regionally weighted industry consumption mixes. These factors are called the output weight factors.
Deriving Values for the Input Weight Factors
In this section, we determine in what proportion the common sectors supply the new electricity generation sectors. In the real economy, it is not true that all the common sectors supply the electricity generation sectors in proportion to their output weights. In reality, the supply mix of products needed to operate and maintain a wind power plant will be different from that of a nuclear power plant or a coal fired power plant. Thus, the allocation of industry input to the new power generation sectors should not be based solely on the electricity output of the new sectors, but rather on how the money is spent during a year to generate the said output (Marriot, 2007) . For example, fuel is required to operate a coal power plant whereas it is not for a wind power plant. Moreover, there are other costs (materials, maintenance, waste disposal, etc.) that occur throughout a year and their relative magnitude varies among plant types. Here, we use these differences to build the input weight factors. However, it should be noted that the construction costs of power plants which are reflected in capital costs of power plants are not considered. Construction is an economic activity within the construction sector of the I-O table and so it is preferable to avoid including it in the electricity sector (Marriot, 2007) . If we were to consider construction of power plants, we would have to disaggregate the construction sector as well.
We introduce the input weight factor ρ i,k which describe the proportion of input from the ith common sector into each new sector k (ρ i,k = z * i,N+k /z i,N+1 ). By definition n k=1 ρ i,k = 1. Moreover, the input from each common sector into the new sectors must be equal to the input of into the aggregated sector. This leads to the following set of constraints for the technical coefficients of the disaggregated I-O table:
ρ k a * i,N+n = a i,N+1 , for k = 1ton, and i = 1toN.
The input weight factors for each common sector are derived by taking the weighted sum of the power plants O&M costs and annual electricity generation output. This is done according to the method described by Marriot (2007) . O&M costs of power plants in China are taken from the IEA book (2010). For each power-generating technology, the book gives a range of O&M costs in USD/kWh. These include fuel costs. We convert the costs into RMB/kWh, using a currency conversion rate of 6.5 (as stated by the IEA). For disaggregating the upstream inputs to power plants some exceptions need to be considered. For instance, all purchases from the common sector coal mining and processing (sector entry 2) are most likely entirely made by the three coal-fired power generation sectors. Likewise, output from gas production and supply is allocated entirely to the natural gas power plant sector. The allocation of the inputs of the petroleum processing and coking and crude petroleum sector and of the natural gas sector into the new sectors was made according to Marriot (2007) . Downloaded by [University of Cambridge] at 11:36 12 August 2014
Construction of the Intra Matrix
The intra matrix corresponds to the bottom right part of the disaggregated I-O table, i.e. to the part associated with the input of the new sectors into themselves. The Chinese 2007 national I-O table reveals that the electricity sector purchased 11.3 billion RMB from itself. This could be power purchased by utility companies utilities to cover supply shortfalls. We disaggregate this value to power purchases among the nine new sectors, including T&D. We use the assumption made by Marriot (2007) as well as Wolsky (1984) : the intra-industry value is split among each entry in the new intra-matrix by multiplication with the row and column weight factor.
Deriving Output Weight Factors
In this section, we determine in what proportion common sectors purchase electricity from the newly formed power generation sectors. We explain how to derive the unknown technical coefficients of the bottom left part of matrix A * by considering regional electricity generation mixes and industry clusters. We use a regionally weighted industry coefficient method that is analogous to the simple location quotient (SLQ) method (Miller and Blair, 2009) . The SLQ method is a non-survey technique for regionalization of national coefficients, made through adjustments based on regional employment, income or output by industry. In this study, we extract information from regional tables which detail the electricity purchased by the common sectors and relate it to the national table. In the generalized form, the location quotient, LQ, for region r and sector i is defined by
Where x r i is the gross output of sector i in region r and x r is the total output of all sectors i in region r. The denominator denotes these totals, but at the national level. A step-by-step description of our weighted coefficient method is given below:
(1) We group the I-O tables of the 30 provinces in aggregated 42 × 42 format according to the electricity grid system they belong to. There are six grid systems in China and the grouping of provinces to each grid system is shown in Table A1 . These grid systems will henceforth be called the 'regions'. (2) For each region, we extract the aggregated electricity sector row from the provincial I-O tables and add them together. Hence, we obtain six vectors of size 1 × 42 describing the monetary input from the electricity sector to all the common sectors. (3) We compare the sum of the six regional electricity vectors with the value of the electricity sector entry in the national I-O table of China. There are some differences and the deviation is between 4 and 10% of the national I-O table, but can be as high as 35% for some sectors. We normalize each regional electricity vector so that the sum of the six regional electricity vectors is equal to the row vector in the national table. (4) From the Chinese electricity yearbook, we calculate the electricity generation mix for each grid system containing the eight electricity generation types. (5) We disaggregate the regional electricity vector according to a Wolsky type disaggregation. We multiply each regional electricity vector with the fraction of power plants making up the grid-specific generation mix. Results are grouped into eight matrices Downloaded by [University of Cambridge] at 11:36 12 August 2014 of the size 6 × 41. Each matrix shows the monetary value of electricity input to the common sectors for each grid according to the power plant type. (6) The row sum of each matrix is divided by the total input of the aggregated electricity sector in the national table I-O. As a result, we obtain the 8 × 41 output weight factors which define the sector-specific consumption mix of the common sectors.
To describe the method with equations, the following notation is adopted: w k,(j) is the regional output weight factor, i.e. the percentage of total output of electricity generation sector of type k in region j, P i,(j) is the percentage of total output of common sector i produced in the jth region, N r is the number of regions (six in total).
We introduce two additional constraints: the fraction of industry output from the common sectors produced in each region needs to sum up to 1 (to equal the output of the national table) and the fraction of regional electricity generation mix of power plant type k needs to sum up to 1 as well:
We express the technical coefficients of the aggregated matrix (left-hand side of the equation) as the sum of inter-industry transfer z divided by total output in each of the six regions:
Moreover, since the output x i (j) of a common sector i in region j is expressed as the sum of fraction P i of national output x, we write:
Therefore, Equation 10 is rewritten as: N+1,i,(j) P i,(j) (11) and the technical coefficient associated with the k electricity generation will be given by
The quantities z N+1,i,(j) and w k(j) can be determined for each region. Since we know the total national output x N+1 , we can write From the last equation, we can see that the departure of the coefficients a * N+k,i from the national average of electricity generation input can be attributed to two factors: the combined presence of regional industry clusters with regional electricity mix clusters and the difference in the regional industry efficiency from the national industry efficiency, i.e. the difference between the regional coefficients a N+k,i,(j) and the national coefficient a N+1.i .
RESULTS

Input and Output Weight Factors
In this sub-section, we present the calculated input weight factors, ρ, and output weight factors wk. Results for the input weight factors are shown in Table 6 . Input weight factors were calculated using the low-end and high-end results the O&M data provided by the IEA (2010). The difference between low and high end values depends on the variance in fuel costs, which were calculated using a range for costs. We also calculated a median value and used the weight factors obtained with this value for the actual disaggregation.
The input weight factors offer a first estimate on how to allocate supply from the common sectors to the disaggregated sectors. We notice that the factors differ from the fractions of electricity generation for power plants in the national mix. For instance, the input weight factor for hydroelectricity's is 0.3 instead of 0.23 for the national mix, and the coal fired power plants with the sub-critical boiler has an input weight factor of 0.54. In general, coalfired power stations with sub-critical boiler have lower O&M costs than hydroelectricity power plants and this effect is weighted into the input factors.
The results for the manual allocation of supply from common sectors to newly disaggregated sectors are shown in Table 7 . All the output of the coal mining and processing sector is consumed by the three coal-based production sectors according to a ratio based on their boiler type efficiency. The same is done for the water production and supply sector and the transport and warehousing sector.
The full table of the calculated output weights is given in Table A2 . The calculation revealed that the pattern of electricity consumption by each industry can be quite different from the national average. For example, the national output weight factor for hydropower is 23%. Using sector-specific consumption mixes, results for the sector-specific output weight factors associated with hydropower fluctuate between 13% (coal mining and processing) to 28% (construction sector). Similar variations are observed for coal-fired power generation with sub-critical boiler technologies. The national average is 64%, but the consumption of electricity for the coal mining and processing sector from this technology sector is 74%, whereas it is only 58% for the construction sector. Service sectors, like education, real estate and finance sectors consume 2% of electricity from nuclear power plants, whereas the national average is below 1%. This is not surprising since service sectors are primarily located in Eastern coastal and South-eastern, provinces where the majority of nuclear power plants are located. Coal mining and processing takes place in North-and North Central China, the regions with the highest fraction coal fired power stations. We finally construct the intra-matrix, distributing the value of intra-industry sales from the electricity to each new sector in the economy according to Marriot (2007) . Results of the monetary Z-matrix, after disaggregation, are shown in Table 8 where the unit monetary value is 10.000 RMB.
Only a few parts of the disaggregated Chinese I-O table are displayed in this paper, mainly due to the fact that a 50 × 50 sector matrix would be difficult to present in this paper. In the appendix, however, we show the nine row and nine column matrices of the disaggregated electricity sector in the Chinese I-O table, including the final demand and total output of the new sectors.
CO 2 Emission Intensity
One objective of this work is to determine the effect of choosing different weight factors for the disaggregation on the results of the CO 2 emission intensities of each sector. Using the final demand of the 2007 Chinese I-O table, we compare the emissions embodied in one unit of final demand for two disaggregation methods presented in this paper. The first method (method L1) uses the new set of weight factors which were determined as described in the previous section to disaggregate the row and column entry of the electricity sector. The second method (method L2) corresponds to Wolsky's method (see Section 3.2). It uses the national electricity total output as weight factors. For each method, we build the Leontief inverse coefficient matrix of the disaggregated I-O table and multiply with a CO 2 satellite account as described in the first method, we see that primary industry sectors like resource extraction and mining sectors or metallurgy sectors have the highest emissions intensity, whereas service sectors (real estate, finance and insurance) have the lowest intensity.
In Figure 3 , we compare results of method 1 with method 2 by looking at the percentage of deviation of method 1 from method 2. The relative difference between the two methods oscillates between −6% and 6% depending on the sector. In other words, using regionally weighted sector-specific consumption mixes has an effect on the emissions intensities of individual sectors, but the deviation is rather small. This is the main finding of this paper.
DISCUSSION AND CONCLUSION
The aim of this paper was to show how to use publicly available information to disaggregate the electricity sector of the Chinese I-O table. Because of the absence of process-based life-cycle data and accurate prices of electricity sales to industries, we used regional data to disaggregate the electricity sector and thus to construct a regionally weighted estimate of the disaggregated I-O table. We compared the CO 2 emissions intensities obtained with this refined estimate against the CO 2 emissions intensities obtained with a cruder estimate of the disaggregated I-O table based on national data only. Non-negligible differences were found between the two estimates, but these differences remained small on average (less than 5%).
We conclude that using regional information to build industry-specific electricity consumption mixes appears to be a valid approach for improving estimates on embedded emission in international trade between China and other countries. Most exports out of China are actually products from secondary industries such as textile goods, wearing apparel, leather and furs. These industries are concentrated along the east coast in provinces like Guangdong, Zhejiang and Jiangsu. Our results showed a change in the composition of electricity consumption of these sectors when using the regionally weighted estimate instead of the cruder national estimate. Therefore, more accurate results on electricity consumption mixes can be obtained using this method.
However, for the environmental analysis, i.e. for the CO 2 emission intensities, we expected to see a higher variation than the 5% variations we observed between both estimates. Since the supply of electricity to industries from one individual electricity generation technology differs often more than 5% when compared to the national average, we expected that the effect of industry-specific electricity consumption mixes would be reflected more strongly in the actual emission intensities. The low variation is likely due to the fact that we present the total embodied emissions which include the indirect emissions along the supply chain of sectors. Since each sector has a generic electricity consumption mix, accounting for emissions along the supply chain will necessarily result in the emissions intensity to approach the intensity of the national average. The effect of individual sector mixes on emissions intensity should be most visible when direct emissions are calculated, and decrease further down the supply chain. The results can be improved if a logistic model is used which detects the closest proximity of each industry's enterprise or manufacturing site to a power station nearby. We conclude that using regionally weighted sector-specific electricity consumption mixes is good to detect industry-specific direct emissions, but it might not be necessary for analysing total emissions (direct and indirect) because the emissions will approach the value based on the national average. Downloaded by [University of Cambridge] at 11:36 12 August 2014
Disaggregating sectors in I-O tables is done for different reasons. Some I-O practitioners may disaggregate as an intermediate step to bring I-O tables of different country origin to the same size, or to magnify in more detail one particular sector of interest. The disaggregated matrix is often used for a more complex project goal, for example in constructing a multiregional I-O model. Given that I-O practitioners will likely weigh off the time invested in disaggregation and the benefit gained they have to choose the method of disaggregation carefully. We have discussed in this paper that the method of disaggregation depends primarily on data availability, and note that access may vary from country to country. In the case of China useful price data for the electricity sector is not publicly available. Estimating the disaggregated matrix based only on output weights offers a good alternative, especially if the time spent on disaggregation is limited because the method is straightforward. Using the methodology presented here, it is possible to estimate upstream emissions. However, throughout the process of disaggregation with the use of additional information one of the main goals of disaggregation, which is to decrease uncertainty of embodied emissions (for example in trade of goods and products), may actually be missed. This is due to the nature of data we used to refine our weight factor estimate, which in itself is based on estimates. 
